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be stressed, understood and explained as much as possible. In this paper, we present a 23 software tool (currently at the level of a prototype) able : (i) to store in a database all relevant 24 information expressed on one hand as qualitative or quantitative data and on the other hand as 25 precise or imprecise data, (ii) to retrieve the more relevant information from the database 26 using queries where criteria may be expressed as fuzzy values in order to enhance the 27 flexibility of the search, (iii) to compute, in addition to the nearest data, an estimation of 28 searched values using statistical models. The architecture of this software tool is structured as 29 
Introduction

34
Numerous factors affect microbial growth in food systems and often synergistic or 35 antagonist interactions are significant. Thus, microbial growth in foods can be enhanced or 36 inhibited depending on multiple food ingredients and storage conditions (Eifert et al., 1996) . 37 This can explain why an understanding of microbial behavior usually requires large-scale 38 experiments under a wide range of conditions and involving extensive data collection. 39 Since data collection can be very time-consuming and labor intensive, numerous 40 laboratories have developed predictive growth models, especially in Australia, the U.K., the 41 U.S.A. and France with particular reference to L. monocytogenes.
42
L. monocytogenes has been associated in the last 15 years with several food-borne illness 43 outbreaks involving a large range of foods such as raw milk, cheeses (particularly soft-ripened 44 varieties), raw vegetables, fermented raw-meat sausages, raw or cooked meats. Microbial 45 safety of many food products depends on refrigeration after commercialization, as most 46 microorganisms do not grow at refrigeration temperatures. However this is not the case for L. 47 monocytogenes because of its ability to grow at temperatures as low as 3°C (even 0.1°C and -48 0.4°C (Bajard et al., 1996) . 49 In order to evaluate food safety relating to the Listeria growth hazard in "chilled prepared 50 food products", temperature, pH and water activity are the main factors that must be taken into 51 account in predictive models (Bajard et al., 1996) . Various models are able to predict lag (Gay et al. 1996) , 67 competitive interactions (Farrag and Marth, 1989) or microstructural texture (Guerzoni et al., 68 1994; Brouillaud-Delattre et al., 1997).
69
In some cases, failure of predictive models is due to insufficient knowledge of bacterial 70 behavior in complex environments such as food matrices. However, particularly over the last indication of the respective degree of matching for each response. Third, the system is able to 95 propose a fuzzified estimated response using predictive models stored in its knowledge base.
96
Fourth, a case based reasoning system identifies the category of queried data. This support 97 system is part of a national project on predictive microbiology in food systems.
98
The originality of our approach is demonstrated using as an example to L. monocytogenes 99 in this paper. But, our method and our tool are completely independent to any particular 100 bacterium and can be used whatever studied bacterium.
101
Materials and methods
102
Comment citer ce document : Buche, P., Dervin, C., Brouillaud-Delattre, A., Gnanou-Besse, N. (2002). Combining fuzzy querying of imprecise data and predictive microbiology using category-based reasoning for prediction of the possible microbial spoilage in foods: application to Listeria monocytogenes. More formally, the value associated to an attribute A for a tuple t is defined as a possibility 
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For instance, the information « thermisation t has a high duration » will be represented by:
HighDuration is a membership function which represents and non ordered domain, a standard fuzzy subset is associated to each value (see fig. 2 ).
184
Statistical models
185
Two types of models are used in order to give an estimation of the data sought. The first one 186 concerns growth model and the second one inactivation model.
187
The growth model comes from a bacterial growth simulation model with two levels ( 
205
Two conditions must be fulfilled to obtain a fuzzy estimation using those both models : However, our method is not dependent on those previous models because : first, our system 213 incorporates in its knowledge base predictive models which can be replaced or enhanced if 214 necessary; second, different models may be used for different categories of data (see section
215
The Information Retrieval System for more details). x and y are defined as follows:
We have defined two kinds of distance d i : 
Results
328
In this section, we present four results provided by our system CFQ corresponding to four MyDairyProductPreferences is {(Raw milk, 1)} ; for temperature, the value is defined by the 395 fuzzy set ImpreciseTemperature (see fig. 6 ). The 3 views available in the system are executed 396 and only the view HeatResistance (due essentially to the temperature values) provides results.
397
The syntax of the query Q generated by the GUI corresponding to the view HeatResistance is can be really used to be compared to the fuzzified estimation.
472
Conclusion
473
In this paper, we have introduced the concept of category-based fuzzy view to design an 474 information retrieval system adapted to microbial risk analysis of food products. In the query, 
498
In order to improve this information retrieval system, it is now necessary to add data that 499 come from more complete bibliography references. In the future, the database will have to 500 integrate other pathogens in order to carry out a better microbial prediction of food products, 501 predictive microbiology being an interesting tool for risk analysis.. 
